Abstract-We propose a projection method based on singular value decomposition (SVD) to validate arterial blood pressure (ABP) signal in order to avoid artifacts and noise in subsequent processing. The projection has been done on 567 validated ABP beats collected from 51 patients hospitalized in University of California, Los Angeles Medical Center. Then, we compare the performance of the proposed projection method with that of a previously developed algorithm, signal abnormality index (SAI), which is a value-and trend-based approach, and has shown to be effective in cleaning the ABP waveforms. The testing dataset consists of 1336 ten-second ABP segments (18 472 ABP beats) of both valid and invalid pulses selected randomly from multiparameter intelligent monitoring for intensive care II database. The proposed projection approach that validates the signal based on the shape of the waveform achieves a true positive rate (TPR) of 99.06%, 5.43% higher than that of the SAI, and a false positive rate (FPR) of 7.69%, 17.38% lower than that of SAI. Integration of some of the SAI-value-based abnormality conditions to the validation process of SVD-based method can further improve the performance by reducing the FPR to 3.92%, while keeping the TPR at the high rate of 99.05%.
I. INTRODUCTION

I
N ANY application that involves information extraction from clinical recordings of physiological signals, noise and artifacts are a constantly existing problem that cannot be neglected. In the intensive care unit (ICU), different events can cause noise and artifacts in the monitoring signals, e.g., catheter flush, patient movement, pressure transducer blockage, powerline interference, signal amplification, quantization, and device saturation that results in clipping the signal. As a result, inadequate addressing of noise and artifacts creates an overwhelmingly large number of false alarms in the ICU [1] , [2] that can lead to the disruption and decreased quality of care [3] , [4] , desensitization of clinical staff to warnings, and slowing of response times [5] . The presence of noise and artifacts can also challenge the performance of different algorithms designed for the detailed analysis of morphology of pulsatile physiological signals [6] , [7] . As a result, the noise handling has to be an intrinsic component of such algorithms to ensure their high performance.
Various strategies have been employed to improve the estimates of noisy physiological parameters, such as filtering [8] , [9] , averaging [10] , and machine learning [11] . Averaging and machine-learning methods can reduce the effect of transient artifacts, but at the cost of smoothing true physiological changes or causing a high complexity due to the large amount of data needed for model training [12] . On the other hand, Kalman filtering methods have shown to be able to reliably identify artifacts from physiological signals [13] , [14] .
Sun et al. [15] have defined a parameter named signal abnormality index (SAI) to distinguish valid arterial blood pressure (ABP) pulses from the noisy ones. The algorithm flags ABP beats by intelligently setting some constraints on physiological, noise/artifact, and beat-to-beat variation values, and has shown to achieve a reasonable level of performance for validating ABP signal. More recently, this ABP SAI algorithm has been utilized to provide better heart rate extraction [12] and reduce false alarms for critical arrhythmias [16] , [17] .
In our previous work [18] , we proposed a projection method using the singular value decomposition (SVD) to validate intracranial pressure (ICP) pulse signal. The algorithm decomposes the pulses in a validated reference pulse library to a signal and a noise subspace. Then, it applies a validity criterion based on the ratio of the energy of the projected signal over that of the projected noise to evaluate any new ICP pulse. It was shown that the proposed projection method has a high level of performance with reasonably low computational complexity comparing to other correlation-based methods [6] .
Since no proprietary ICP features were incorporated in the proposed algorithm, it can be potentially applied to process any pulsatile signals usually seen in clinical environment including pulse oximetry (SpO2) and ABP. To investigate this idea further, in this paper, we implement the same projection method on an expert-validated reference library of 567 ABP pulses collected from 51 patients hospitalized at University of California, Los Angeles (UCLA) Ronald Reagan Medical Center. Then, the resultant signal and noise subspaces have been used to validate 1336 ten-second ABP segments (18 472 ABP beats) that were randomly selected from 120 patient records in PhysioNet's multiparameter intelligent monitoring for intensive care (MIMIC) II database [19] , [20] , whose waveforms include simultaneous ECG and ABP signals. Comparison of the performance of the proposed projection method with that of the SAI algorithm concludes that the SVD-based projection method performs better in validating both ABP segments and individual ABP beats, because of introducing a higher true positive rate (TPR) and a much lower false positive rate (FPR) . Then, we demonstrate that the integration of the proposed SVD-based method with some abnormality conditions adopted in the SAI method can reduce the FPR to as low as 3.92%, while keeping the TPR at a high rate of 99.05%.
In this paper, we first review the basics of both the SVD-based projection and SAI methods. Then, the results of applying the described methods to the testing dataset collected from MIMIC II database are presented. A detailed discussion on the accountability of each of the SAI abnormality conditions and the possibility of integrating them to the SVD-based method has been delivered. At the end, weaknesses and possible improvements to the proposed integrated method have been discussed.
II. METHODS AND MATERIALS
A. Using SVD to Validate an ABP Pulse
Suppose that the ABP reference library consists of N valid ABP pulses in the time domain. The goal is to decompose the pulses in the library to a signal and a noise subspace, and then establishing a validity criterion based on the ratio of the energy of the projected signal over that of the projected noise. We adopt the SVD as a subspace decomposition technique. The flowchart of this algorithm has been shown in Fig. 1 .
The algorithm starts by normalizing each pulse in a reference library in both time and amplitude scale so that all pulses have the same length in time, are zero-mean, and have unit standard deviations. Then, the library can be represented by a matrix A M N as [P 1 , . . . , P n , . . . , P N ], where P n is nth-normalized pulse in the library. A is decomposed by SVD to A = U ΣV T where we assume the same convention that columns of U and V are arranged in a descending order of their corresponding singular values [21] , [22] . Based on a chosen signal space dimension I, orthonormal matrix U can be further separated into a signal part and a noise part, where the former contains the first I columns of U .
In practice, choosing the optimum value of I is dependent on the nature of data. As it is shown in [18] , for the pulsatile signals, the knee point of the curve E K , the percentages of the total energy existing in the space whose bases are the singular vectors corresponding to the K largest singular values of the matrix A, can be a good candidate for the value of parameter I. (A knee point is defined as the point with the maximum perpendicular distance from the straight line that connects the beginning and end point of the concave region of the curve [6] .) Now let us use b to represent a test ABP pulse that goes through the same normalization process. To determine whether b is a valid pulse, we first project b onto the signal subspace as
Then, a ratio measure can be calculated as
This ratio will be compared with a threshold ( ) to determine the validity of b. For more details on using SVD method to validate a pulsatile pulse, see [18] .
B. Review on ABP SAI
Sun et al. [15] have suggested an algorithm named SAI to detect abnormal beats in the ABP waveforms. Since this approach has shown to be effective to select clean ABP waveforms with an acceptable level of performance, it would be interesting to compare the performance of our proposed projection method with that of the SAI method. As a result, in this section, we will review the basics of the SAI algorithm.
SAI flags an ABP beat as an invalid beat by intelligently setting constraints on the physiologic, noise/artifact, and beatto-beat variation values. In other word, a beat is flagged if either of the following abnormality conditions is satisfied:
where P s , P d , and P m are systolic, diastolic, and mean ABPs, respectively, T is the duration of each beat, f = 60/T beats/min, and w is a measure of the noise and is defined as the mean of all the negative slopes. According to (2) , the first six conditions (a)-(f) are absolutevalue-based abnormality conditions (C1), whereas the last three conditions (g)-(i) are trend-based abnormality conditions (C2). The decision rule used in the SAI algorithm to validate the segments of ABP signal is as follows; an ABP segment is declared as an invalid segment if any of its beats is flagged. (if any of the aforementioned nine abnormality conditions are satisfied for any of the beats.)
Although the SAI algorithm has proven its effectiveness in its ability to select the clean ABP segments, there exist some concerns regarding the proposed signal validation method. For example, based on condition (f), which is the noise detector criterion, SAI method would be exclusively sensitive to the highfrequency noise that causes a large negative slope. As a result, the existing method would not be able to correctly evaluate an ABP beat distorted by a low-frequency noise such as baseline wanders or thermal fluctuation.
The other concern regarding the proposed method is that its performance has not been optimized for the individual recognition of valid ABP beats (contrasting to recognition of valid ABP segments). This is partially due to the fact that the SAI algorithm applies the trending-based abnormality conditions (C2) to all the detected beats regardless of whether it is being preceded by a noisy beat or not. Consequently, if a beat is invalid due to the satisfaction of any of the conditions (a), (b), or (c), then the next beat would also be flagged as an invalid beat if it is truly a valid one. Fig. 2 shows an example of this case. Note that in this example, the second beat would be wrongly evaluated as invalid beat because of the satisfaction of abnormality condition (g)
As this example shows, applying C2 to all the beats (regardless of the validity of the preceding beats) would definitely decrease TPR. To avoid such a problem, we can apply the C2 abnormality conditions only to the beats preceded by a valid beat. This new approach, let us name it as the modified SAI, guarantees a higher TPR. The effect of this modification on the FPR would be later investigated in this paper.
C. Combining SVD-Based Projection Method and SAI Algorithm
Since the proposed SVD projection method starts by normalizing each pulse in the reference library both in time and amplitude scale so that all pulses are equal length in time, zero mean, and unit variance, it validates each beat based on the shape of the pulse rather than the absolute values of its features.
As a result, this approach is different from the one proposed in SAI algorithm; a value-and trend-based approach. Therefore, it would be interesting to investigate whether combining the two methods would improve the performance of the ABP beat validation. We use the SVD-based projection method with each of the nine SAI abnormality conditions to compute the performance of the ABP beat recognition on a testing dataset, which will be described in the next section.
D. Patient Data
To define the noise and signal subspace, we perform the SVD on a library of validated ABP pulses, which has been constructed as follows. Signal segments were selected from the archived ABP and ECG signals of 51 patients, including 16 females and 35 males, who were seen as inpatients at the Neurosurgery Unit, UCLA Ronald Reagan Medical Center, for different related conditions, e.g., subarachnoid hemorrhage (20 cases), traumatic brain injury (15 cases), hydrocephalus (eight cases), intracranial hypertension (three cases), slit ventricle syndrome (one case), brain tumor (one case), cervical cord injury (one case), arteriovenous malformation (one case), and shunt failure (one case). The average age of these patients was 50 (ranging from 14 to 81 years old). During their hospitalization, these patients received continuous cardiovascular monitoring using the bedside GE monitors. ABP and lead II of ECG signals were archived using either a mobile cart at the bedside that was equipped with the PowerLab TM SP-16 data acquisition system (ADInstruments, Colorado Springs, CO) or the BedMasterTM system that collects data from the GE Unity network, which the bedside monitors were connected to. Majority of signals were recorded using the PowerLab system, which sampled ECG and ABP signals at 400 Hz. Sampling rate used in the Bedmaster system was 240 Hz. Signal files in this archive were transformed into the Chart binary file format for further processing.
A 3-to 5-min segment of data was randomly selected, in an interval of 12 h for each patient, without avoiding noisy regions. These signal segments were subsequently processed by the morphological clustering and analysis of ICP pulse (MO-CAIP) algorithm [6] , and a dominant ABP pulse was generated for every 30 s recording. The generated dominant pulses were assessed by an expert and annotated as valid or invalid pulses (the invalid dominant pulses were caused mostly by noise in the data and/or by the wrong QRS detections). A total of 567 dominant pulses (from the assessed valid pulses) were randomly selected to form a library of ABP pulses. The mean ABP of these pulses was 77.61 ± 41.76 mmHg. The use of these archived waveform data in an anonymous fashion has been granted a wavier of consent by the UCLA Institutional Review Board (IRB).
For the testing dataset, we used the MIMIC II database accessed via Physionet [19] . We randomly selected 120 patients whose waveforms included simultaneous ABP and ECG signals. A total of 222 h of data were generated by randomly choosing a record with time duration of less than 24 h. Then, a 10-s segment of simultaneous ABP and ECG signals was randomly selected, in an interval of 10 min, resulting in 1336 ABP and ECG segments. Between different available beat-detection algorithms [23] , [24] , we chose the one proposed in [25] to mark the onset of each ABP beat, and consequently, a total of 18 472 ABP pulses were detected. The number of valid ABP beats, as assessed by an experienced researcher, were 15 469 accounting for 83.74% of all the detected beats.
E. Data Analysis and Validation Protocol
We chose the 90th percentile of the lengths of all the pulses in the library to resize them. Then, the SVD was performed on the matrix A whose columns are the normalized (zero mean and unit variance) ABP pulses in the library. For the energy ratio comparison, the threshold was set as the minimum of the computed Ratio Energy among all the 567 pulses of the ABP library. This threshold setting guarantees the correct assessment of any ABP pulse similar to any of the pulses in the validated library.
The projection method described in the previous section was used to find the validity of all the 18 472 detected beats generated from the MIMIC II database, and the following parameters were calculated: TPR, FPR, accuracy (Ac), positive predictive value (PPV), and negative predictive value (NPV). Then, the SAI segment validation criteria were used to evaluate each of the 1336 ABP segments and the same performance parameters were calculated. The performance of the proposed projection method was compared to that of the SAI and the modified SAI methods. As a final step, comparing the performance of validating ABP beats using the combination of SVD projection method and the SAI algorithm was conducted.
III. RESULTS
The number of valid ABP beats in the testing dataset, as assessed visually by the experiences researcher, was 15 469 for 83.74% of all the 18 472 detected beats. Applying the ABP segment validation criterion of SAI algorithm results in identifying 978 valid ABP segments accounting for 73.20% of all the 1336 selected ABP segments. Fig. 3(a) shows the singular spectrum of the matrix A constructed from the library of 567 validated ABP pulses (the plot of singular values versus their index number). We observe that matrix A has only a limited number of significant singular values. Fig. 3(b) is the plot of the previously defined E K . The knee point of this curve (I = 13) is selected as the number of basis vectors to construct the signal subspace. Table I presents the results of valid ABP beat recognition on the testing dataset using the proposed projection method, SAI method, and modified SAI method. We observe that not only TPR of the proposed projection method (0.9906) is higher than that of the SAI method (0.9363), but also its FPR (0.0769) is also significantly lower than the FPR of the SAI (0.2507). Therefore, the SVD-based projection method has better performance than that of the SAI algorithm.
We also observe that applying the trend-based abnormality conditions exclusively to the beats preceded by a valid ABP beat (modified SAI method) increases both the number of true positive (TP) cases and the number of false positive (FP) cases. Note that although the amount of the increase in TP (301) is slightly (210), since the total number of valid ABP beats is 5.1 times of the invalid ones, the effect of ignoring trend-based abnormality conditions (C2) will be dominated by a much higher increase in FPR relative to its TPR counterpart. Table II summarizes the validation results of the ABP segments. Note that the definition of a TP case in this paper (a valid beat) is different than that of [15] . Taking into account this difference, we observe that our segment validation results for the SAI algorithm are consistent with those reported in [15] , and the proposed SVD-based projection method has better performance than that of the SAI method, especially the FPR of the projection method (0.0279) is much lower than FPR of the SAI (0.1257). We also note that the results of ABP segment validations for SAI method and modified SAI method are exactly the same.
The results of applying any of the SAI abnormality conditions to the SVD-based projection method are summarized in Table III . We observe that integrating different SAI abnormality conditions to SVD projection method can have different effects on the performance of the ABP beat validation. For example, applying abnormality conditions (b) or (c) has an improving effect, whereas applying conditions (e), (f), (g), or (h) degrades the performance and conditions (a), (d), or (i) does not change the performance significantly. As the last row of Table III shows, the combination of SVD projection method and the first four SAI abnormality conditions decreases the FPR of ABP beat validation to 3.92%, while keeping its TPR as high as 99.05%.
IV. DISCUSSION
The lower TPR of the SAI method, comparing to that of its modified version, as proposed in this paper, can be partially blamed on applying trend-based abnormality conditions (C2) to all candidate beats regardless of the validity of the preceding beats (note that the number of TP cases increases from 14 483 to 14 784 when we replace the SAI method with its modified version). The amount of increase in the number of FP cases, resulting from replacing SAI method with its modified version, shows that there exist considerable numbers of invalid ABP beats preceded by another invalid beat that does not satisfy any of the value-based abnormality conditions (C1), and as a result, the only way for their correct recognition is by applying trendbased abnormality conditions of (C2).
The careful assessment of these 210 beats shows that a majority of them resulted from the wrong QRS detections, and consequently, they are chopped or shifted version of some valid ABP beats. Therefore, they cannot be correctly evaluated just by applying the value-based abnormality conditions. Fig. 4 shows an example of this case where the second invalid beat will be wrongly evaluated as a valid one by the modified SAI.
The similarity of the ABP segment validations results of SAI method and modified SAI method can be explained as follows. According to the SAI segment validation criterion, a segment is declared invalid if at least one of its beats is flagged. Therefore, applying trend-based abnormality conditions to the beats preceded by a noisy beat does not increase the number of FP cases, because that segment is already labeled as an invalid one due to invalidity of the preceding beat.
Applying conditions (g) and (h) to the SVD projection method degrades the performance because these conditions reject some of the valid ABP beats, which are preceded by a noisy beat. This is the same problem with SAI abnormality conditions as discussed previously. The value-based conditions (e) and (f) also degraded the performance due to producing a low TPR. The careful assessment of the valid beats rejected by these conditions concludes that the defined threshold value for the pulse pressure (20 mmHg) and mean negative slope as a measure of noise (−40 mmHg/100 ms) seem to be stringent.
As a result, some of the valid ABP beats in the testing dataset with pulse pressure below than 20 mmHg or with mean negative slope of less than the defined threshold have been wrongly rejected by these two conditions. Fig. 5 shows two examples of valid ABP beats, which were rejected by the stringent conditions of (e) and (f).
While it seems that applying conditions (a), (d), and (i) does not change the performance of ABP beat validation in this specific testing dataset, we believe that including physiological value-based conditions (a) and (d) will have an improving effect, in general, on the performance of the proposed SVD-based projection method, whereas the trend-based condition (i) will degrade it by rejecting the valid beats preceded by the noisy beats.
Note that the goal of this study was solely the recognition of the valid beats versus the invalid ones from the beats that have already been detected (using any method of beat detection). As a result, the invalid beats in this study have to be either caused by the noise/artifacts or by the wrong beat detection. In other words, we aimed to show that the proposed SVD-based method is capable of this recognition regardless of the original source of invalidity of the beats (noise/artifacts or wrong beat detection).Therefore, using another method of beat detection, even a method with higher rate of correct beat detection, would not make difference in fulfilling our goal of assessing the proposed method for the valid beat recognition.
V. CONCLUSION
We proposed an SVD-based projection method to validate the ABP signals. The algorithm development and evaluation were conducted using two completely different sets of data. The results on validating the 1336 ten-second-long ABP segments indicate that the proposed SVD method has 4.6% higher TPR and 9.78% lower FPR when compared to the SAI. Our algorithm again favorably compares with the SAI method when it comes to validating the individual ABP beats by achieving a 5.43% higher TPR and 17.38% lower FPR. We showed that the SAI algorithm performance is not optimized for the individual assessment of ABP beats because applying the SAI trend-based conditions to every beat, in general, is questionable, and also some of the SAI value-based thresholds have been set too stringent to take into account abnormalities arising from the physiological disturbances like arrhythmia and hypotension. Finally, we demonstrated that the careful integration of the proposed SVD-based method with some of the value-based abnormality conditions of the SAI method can reduce the FPR to as low as 3.92%, while keeping the TPR at high rate of 99.05%.
